Abstract: Traditional real estate appraisal methods obtain estimates of real estate by using mathematical modeling to analyze the existing sample data. However, the information of sample data sometimes cannot fully reflect the real-time quotes. For example, in a thin real estate market, the correlated sample data for estimated object is lacking, which limits the estimates of these traditional methods. In this paper, an optimal rubrics-based approach to real estate appraisal is proposed, which brings in crowdsourcing. The valuation estimate can serve as a market indication for the potential real estate buyers or sellers. It is not only based on the information of the existing sample data (just like these traditional methods), but also on the extra real-time market information from online crowdsourcing feedback, which makes the estimated result close to that of the market. The proposed method constructs the rubrics model from sample data. Based on this, the cosine similarity function is used to calculate the similarity between each rubric for selecting the optimal rubrics. The selected optimal rubrics and the estimated point are posted on a crowdsourcing platform. After comparing the information of the estimated point with the optimal rubrics on the crowdsourcing platform, those users who are connected with the estimated object complete the appraisal with their knowledge of the real estate market. The experiment results show that the average accuracy of the proposed approach is over 70%; the maximum accuracy is 90%. This supports that the proposed method can easily provide a valuable market reference for the potential real estate buyers or sellers, and is an attempt to use the human-computer interaction in the real estate appraisal field.
Introduction
Real estate prices are a major concern. They are associated with economic development, which in turn affects governmental decision making and general well-being [1] [2] [3] [4] [5] . Developing an appraisal method for real estate is thus important to academic research and to government decision making and could fill a real estate industry need [6] [7] [8] [9] . It helps to promote the sustainable development of the real estate market. professional, they have a basic understanding of the real estate around them because of their life or work. In addition, it is easy for them to know these actual situations about the object. So we think these people have enough market insights for the estimated objects.
This paper presents an optimal rubrics-based approach in real estate appraisal, which brings in crowdsourcing. The proposed method should be a complement to regular valuations. It is not only based on the information of the existing sample data (just like the traditional methods), but also on the extra real-time market information from online crowdsourcing users' feedback, which makes the estimated result close to that of the market. The valuation estimate can serve as a market indication for the potential real estate buyers or sellers. It is an attempt to use the human-computer interaction in the real estate appraisal field.
Methodology
The optimal rubrics-based approach in real estate appraisal consists of five steps. The first is the construction of the rubrics model according to the sample data. In the sample data, each record is regarded as a rubric. The discrete sample data will build the rubrics model. In the second step, similarity is defined by relevance and diversity. The linear combination of relevance and diversity can describe the level of similarity between the estimated point and each rubric. The third is the measurement of the similarity through the cosine similarity function. In the fourth, the optimal rubrics are selected based on the similarity. In the final step, the attribute information of the selected optimal rubric and estimated point is posted on the crowdsourcing platform. Those users interested in the estimated object can then complete the appraisal by comparing the information of the estimated point with rubrics on the platform with their knowledge of the real estate market. The average of the crowdsourcing result is finally used as the appraisal result.
Construction of the Rubrics Model
The rating model indicates a standard of performance for a particular group, which has been a common research topic in social science [33] [34] [35] . In this study, a rating model has been used for real estate appraisal through a crowdsourcing platform. However, crowdsourcing rating models are often constrained by a lack of reference standards, here named rubrics, which generally play an important role in appraisals or forecasts. The design of good rubrics for real estate appraisal has never been studied, so we focus on the research of rubrics for real estate appraisal.
Crowdsourcing
The recent development of crowdsourcing presents a new opportunity to engage users in the process of answering queries [36] [37] [38] [39] [40] . Crowdsourcing provides a new problem-solving paradigm and has become a part of several research fields [41] [42] [43] [44] [45] [46] . In crowdsourcing, the responses to a task or questionnaire are collected from a large number of individuals, and especially from an online community. This is a powerful tool for collecting human-enabled ideas in various research fields or different situations [47] [48] [49] . Researchers are interested in the crowdsourcing platform because of the relative ease of soliciting responses that has the ability to achieve large-scale information collection from a more diverse group of participants. Therefore, compared with traditional appraisal methods, appraisal through crowdsourcing can be more objective and practical [50] .
Rating Model
Crowdsourcing has been widely used to collect ratings for a wide range of items and issues [51] [52] [53] . It is necessary to construct a rating model when collecting the information through a crowdsourcing platform. Massive open online courses (MOOC), for example, often require participants to rate others' homework. As shown in Figure 1 , crowdsourcing workers are required to rate, from a grade of A to D, an art assignment of a landscape painting submitted by a student from an online class. In this paper, a rating model is used in real estate appraisal.
rate, from a grade of A to D, an art assignment of a landscape painting submitted by a student from an online class. In this paper, a rating model is used in real estate appraisal. However, a crowdsourcing rating model is often constrained by a lack of reference standards because it is very difficult for crowdsourcing workers to make an accurate appraisal without a reference. Crowdsourcing workers are interested in the rated item, and often have no expertise. When rating an item, since there is neither a clear boundary between adjacent rating grades, nor enough expertise background, workers are usually stuck in a dilemma. In other words, the rating results will be inconsistent across workers in this situation. For the rating task in Figure 1 , the art assignment was rated by 30 crowdsourcing workers. The number of workers rating grades of A, B, C, and D were 8, 12, 4, and 6, respectively. The crowdsourcing results are highly inconsistent, and it is difficult to make an accurate appraisal.
Rubrics
To address the difficulties of the above problem, a sample data driven rubric is proposed. Before rating the estimated items, it is necessary to prepare a list of sample data related to the estimated items; these sample data could be historical data, recent transaction data, statistical yearbook data, or government reports. Each record in the sample data is regarded as a rubric, and the most similar rubrics are used for the appraisal. These rubrics can train the workers so that they can have a better understanding of the rating criteria, and it improves the consistency of the appraisal result [33] . For the MOOC rating, if a number of sample homework grades were prepared, one could more quickly and more easily rate a new assignment.
In the example shown in Figure 2 , a well-designed sample data driven rubric with four graded assignments is provided from the MOOC database. Even without expertise, it can be clearly seen that assignments a, c, and d demonstrate outstanding performance compared to the assignment in Figure 1 , whereas assignment b is analogous. Note that there is no definite correct rating, but the sample data driven rubric is much more likely to result in a reasonable rating; i.e., grade D in this example. In the experiment, the task in Figure 1 was assigned together with the rubrics in Figure 2 . Thirty crowdsourcing workers rated the grades A, B, C, and D, and the resulting number of votes were 0, 0, 5, and 25, respectively. The consistency and accuracy are thus significantly improved with the help of the sample data driven rubrics. However, a crowdsourcing rating model is often constrained by a lack of reference standards because it is very difficult for crowdsourcing workers to make an accurate appraisal without a reference. Crowdsourcing workers are interested in the rated item, and often have no expertise. When rating an item, since there is neither a clear boundary between adjacent rating grades, nor enough expertise background, workers are usually stuck in a dilemma. In other words, the rating results will be inconsistent across workers in this situation. For the rating task in Figure 1 , the art assignment was rated by 30 crowdsourcing workers. The number of workers rating grades of A, B, C, and D were 8, 12, 4, and 6, respectively. The crowdsourcing results are highly inconsistent, and it is difficult to make an accurate appraisal.
In the example shown in Figure 2 , a well-designed sample data driven rubric with four graded assignments is provided from the MOOC database. Even without expertise, it can be clearly seen that assignments a, c, and d demonstrate outstanding performance compared to the assignment in Figure 1 , whereas assignment b is analogous. Note that there is no definite correct rating, but the sample data driven rubric is much more likely to result in a reasonable rating; i.e., grade D in this example. In the experiment, the task in Figure 1 was assigned together with the rubrics in Figure 2 . Thirty crowdsourcing workers rated the grades A, B, C, and D, and the resulting number of votes were 0, 0, 5, and 25, respectively. The consistency and accuracy are thus significantly improved with the help of the sample data driven rubrics. 
Definition of Similarity
However, not just any collection of rubrics would improve the final performance of a crowdsourcing rating. In extreme cases, a biased rubric may even worsen the performance. There are two major factors that affect the utility of rubrics for a given task: relevance and diversity. These two factors can express the similarity between the estimated item and rubrics. They will be discussed below.
Relevance
Relevance indicates how closely the rubrics are related to the rating task. A good rubric tends to be connected to the rating task in a way that makes it useful for a rater. For example, when rating a math homework assignment, another math assignment from a class lectured by the same professor, as a rubric, would be more helpful than a chemistry homework assignment. Referring back to Figure  1 again, if the rubrics in Figure 3 are used, the number of crowdsourcing votes for A, B, C, and D become 5, 8, 14, and 3, respectively. Compared with Figure 2 , the performance of the rubrics in Figure 3 are not good. This is because the art assignments in Figure 3 are cartoons, not landscape paintings, with different rating scales, so their relevance is low. 
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Diversity
Diversity, on the other hand, requires that the selected rubrics be distinct from each other, so that the rater can obtain more information from the rubrics and have a more comprehensive understanding of the estimated items; it is good for appraisal. For example, a rater would prefer to rate some homework assignments submitted from students with different levels of math skill rather than rate the same number of homework assignments from one level. If the rubrics in Figure 4 are used to rate Figure 1 , the grades of A, B, C, or D are given 0, 2, 14, and 14 times, respectively. Note that all the assignments in Figure 4 are rated B, so a worker can easily determine that the rating task (i.e., Figure 1 ) is below the level of B, but it is not clear if it should be graded C or D. Comparatively speaking, the performance of the rubrics in Figure 2 is better. 
Similarity Measurement
As mentioned, the linear combination of relevance and diversity can represent the similarity between the estimated item and rubrics. Before the measurement of these two factors, the estimated item and the sample data (namely rubrics) should be numerically graded. For example, in the student assignment grading sample data, grades over 80 are rated an A, grades between 70 and 79 are rated a B, grades between 60 and 69 are rated a C and grades below 59 are rated a D. Then, the grading index should be numeric; if A is digitized to 1, B should be digitized to 2, and so on. In Figure 4 , the grading result G (B, B, B, B) of the assignment rubrics can be expressed by G (2, 2, 2, 2). So the estimated item and rubrics can be transformed into the numeric attribute vector.
The sample data, such as the real estate trading data, may contain value attributes and non-numeric attributes. It is convenient to convert the sample data into attribute vector data, which meet the characteristics of the cosine similarity function. Compared with Euclidean distance, it is more appropriate to use the cosine similarity function to calculate the similarity. In this paper, the cosine similarity function is used to calculate the cosine of the angle between the estimated item attribute vector and rubrics attribute vector for the measurement of relevance and diversity. The linear combination of relevance and diversity denotes the similarity.
Cosine Similarity Function
A cosine similarity function is a measurement between two vectors in an inner product space that measures the cosine of the angle between them. The cosine value of 0° is 1, and it is less than 1 for any other angle. It is thus a judgment of orientation and not magnitude: two vectors with the same orientation have a cosine value of 1, two vectors at 90° have a cosine value of 0, and two vectors 
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Given two attribute vectors x, y, each vector has p attributes, is the Euclidean paradigm
Example: Assume x = (1, 1, 2), y = (1, 3, 1). The cosine value between vectors x and y will be Sim(x, y) =
74. For demonstration purposes, in this part, a random matrix is used to generate the cosine matrix. Each random value from 0 to 1 corresponds to a cosine value in the cosine matrix. In Figure 5 , the cosine matrix illustrates an example with an estimated task item Q and five selected items-A, B, C, D, and E-as rubrics. Each random value generated through a random matrix corresponds to the cosine value between each item.
Relevance
For a given set of items S, containing i items, each item in S is denoted as s i . The given estimated task item is denoted by s q . The relevance is denoted by Rel, which computes the average cosine value between s q and s i in S:
Example: Figure 5 illustrates an example with an estimated task item Q and five selected items-A, B, C, D, and E-as rubrics. For demonstration, the cosine values between these items are generated through a random matrix and are listed in the cosine matrix. The selected optimal rubrics are always a combination of rubrics, not just a single one. In this part, take the combination of three rubrics as an example. If the rubrics are S = {A, B, C}, the relevance Rel(S) = 0.5+0.6+0. 7 3 = 0.6. diametrically opposed have a cosine value of −1, independent of their magnitude [54] . It is appropriate to use the cosine similarity function to measure the cosine similarity value between an estimated item attribute vector and a rubric attribute vector. For the sake of generality, ( , ) is considered to be an abstract function that measures the cosine similarity value.
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Diversity
For a given set of items S, containing i items, each item in S is denoted by . The given estimated task item is denoted by s . The diversity is denoted by Div, which computes the negative average cosine value between s and in S: Figure 5 . Example of the computational model.
For a given set of items S, containing i items, each item in S is denoted by s i . The given estimated task item is denoted by s q . The diversity is denoted by Div, which computes the negative average cosine value between s q and s i in S:
Example: In Figure 5 , if the rubrics are S = {A, B, C}, the Div(S) = − 0.3+0.9+0.6 3 = − 0.6.
Similarity
As mentioned above, similarity is a combination of relevance and diversity. We used a linear combination of relevance and diversity to quantify the similarity between estimated items and rubrics, named training power. For a given set of items S, containing i items, each item in S is denoted by s i . The given estimated task item is denoted by s q . The training power, denoted by TP, is a linear combination that expresses the similarity between each item attribute vector:
where α ∈ (0, 1) can be determined by the relative importance of relevance and diversity. If relevance is more important, α should be greater than 0.5. Example: Assume α = 0.7. The training power of the rubric S = {A, B, C} is computed as TP(S) = 0.7×0.6−0.3×0.6 3 = 0.08.
Selection of Optimal Rubrics
For a given set of items U, a given estimated task item s q , and an integer constraint k, such that k ≤ |S|, choose a combination of k items as the rubrics; the optimal rubric has the maximized training power.
arg max
Example: Choose a combination of three items as the rubrics, like in Figure 5 , with the aim of finding the maximized training power. All the possible combinations are enumerated in Table 1 , associated with the training powers. It turns out that B, C, and E have the highest training power. It can be used as the optimal one in the next appraisal.
Crowdsourcing Appraisal
The next step is to publish the appraisal task on a crowdsourcing platform and complete the crowdsourcing appraisal. The appraisal task should be an open-ended question. It includes the basic information of the estimated object provided by the estimated users and the optimal rubrics selected by the similarity measurement from the sample data. The crowdsourcing community users are selected on the crowdsourcing platform, served as a crowdsourcing rater. They are connected with the estimated object. They have a basic understanding of the object. Before completing the appraisal, their identification needs to be verified. After that, they complete the open-ended appraisal by comparing the provided optimal rubrics with their own understanding of the object. Finally, they can get the payment when completed the appraisal on the crowdsourcing platform. For example, in Figure 6 , the task in Figure 1 was published together with the optimal rubrics in Figure 2 on WeChat (a crowdsourcing platform). Thirty art graduate students are selected to rate the grades as crowdsourcing users; the numbers for A, B, C, and D were 0, 0, 5, and 25, respectively. The mode D can be chosen as the estimated result of the task in Figure 1 . 
Case Study

Study Area and Datasets
Shunde is located south of Guangzhou and has focused on urban-rural composition and urban redevelopment. As successful as it is, many issues have arisen during urbanization development, such as the urban and rural development being out of step or the urban and rural real estate prices not being unified. The real estate market price changes rapidly, and it is hard to evaluate the real estate prices based on the existing sample data, where the application of the proposed method is suitable.
The sample data is sampled by Shunde District Land Resources Bureau. It covers the entire district, which includes residential and commercial land with a robust market, urban-rural fringe area with a thin market, and some special use areas. It contains a total of 7185 records. Each sampling point has 27 attribute fields, such as market price, geographic coordinates, recorded time, number of floors, land use type, inside floor area, distance from the subway station, density of bus stations, etc. The sampling points are shown in Figure 7 . 
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Method Application
The sample data cover residential and commercial land with a robust market, urban-rural fringe area with a thin market, and some special use areas. The appraisal environment of these estimated points is complex. Twnty sampling points were artificially selected in a thin market. Three of the 20 selected sample points are listed in Table 2 . The price of these selected 20 sampling points was used as the validation data, and the other attributes of the selected sampling points are used as the estimated points. The remaining sampling points act as the training sample and are used to make an appraisal for the estimated price. The proposed method can provide a valuable estimate for these 20 unrepresentative sample data by collecting the extra valuable information from those interested users through the crowdsourcing platform. The first step is to construct the rubrics model according to the sample data. Each record in the training sample data is regarded as a rubric. With little effect on the model calculation, ID, geographic coordinate (X, Y), architectural structure, date of registration right, date of issue, and address are left out from the 27 attributes in the training sample. The remaining 20 attribute values except for price in the training sample should be numerically graded.
As for a value attribute, it is graded equally. Take As for a non-numeric attribute, it is graded by the attribute classification order, such as the usage of the house, which includes six categories: office, parking, industrial, commercial, residential, and the others. Each classification corresponds to one level of 1-6.
The outliers should be classified together as a level, and the missing value is denoted by 0. Repeat the process above for grading the attribute values of the price estimated points. The attribute grading result is shown in Table 3 . In the second step, the graded attributes of the rubrics (training sample) and price estimated point should be transformed to the attribute vector, as shown in Section 2.3. Cosine similarity Sim(x, y) is used to measure the relevance and diversity between price estimated point and each rubric. The linear combination of relevance and diversity can measure the similarity. The results are called the training power, denoted by TP(S). α ∈ (0, 1) can be determined by the relative importance of relevance and diversity. If relevance is more important, α should be greater than 0.5.
For instance, because of the large scale computation, sample point 1 is used as an estimated point to illustrate the whole process. The attribute "price" of point 1 is used for validation. The other attributes of point 1 are used as an estimated point, which is denoted by P1. Three other sample points are randomly selected to construct the rubrics for P1, which are denoted by PA, PB, and PC. The original values of these four points are shown in Table 4 . After being numerically graded, these four points can be expressed by the following attribute vector. P1 = (4, 1, 1, 1, 4, 2, 1, 2, 0, 1, 1, 2, 2, 1, 1, 1, 1, 1, 1) , PA = (4, 2, 1, 1, 3, 4, 1, 1, 0, 1, 2, 1, 5, 4, 3, 4, 1, 2, 5) , PB = (6, 2, 1, 1, 4, 4, 1, 1, 0, 1, 2, 2, 4, 2, 3, 4, 2, 3, 4) , PC = (7, 3, 1, 2, 4, 4, 2, 2, 1, 1, 2, 1, 5, 4, 3, 4, 3, 1, 5 ).
The similarity between these four points are calculated as follows,
Assume that the combination number of rubrics is 3, and α = 0.7. The rubric S = {PA, PB, PC} is taken as an example to show the computational process of the training power TP. 
The third step is to find the optimal rubrics that are based on the optimal solution of TP. In the example above, point 1 is used as an estimated point, assuming that the combination number of the rubrics is 3, and α = 0.7. After repetitively calculating the TP between point 1 and each rubrics' combination, the optimal solution of TP = 0.421 has been found. The corresponding optimal rubrics' combination is shown in Table 5 . The fourth is to publish the appraisal task on the crowdsourcing platform and complete the crowdsourcing appraisal. The appraisal task should be an open-ended question. It includes the basic information of the estimated object provided by the estimated users and the optimal rubrics selected by the similarity measurement from the sample data. The crowdsourcing community users are selected from the recommendation of our friends on WeChat, served as a crowdsourcing rater. They are householders living in the neighborhood with the estimated object. They have a basic understanding of the object. After providing the estimate of the object's market price by comparing the selected optimal rubrics with their own understanding of the object, they can get 50 RMB each time. Any conflict of interest shall be settled through negotiation, and if it still cannot meet their needs, we will leave them out of the account. In order to avoid conflicts of interest, after verifying their identification, we select those who are long-term residents and have no intention of buying a house in the neighborhood.
In the experiment, we published the appraisal task on WeChat as an example, which contains the attributes' information of the estimated point P1 shown in Table 4 and the attributes' information of the three selected optimal rubrics OP1, OP2, and OP3 shown in Table 5 . After verifying the identities, finally, we select 32 users from the recommendation of our friends on WeChat to complete the appraisal. They are householders living nearby the estimated object. They have no intention of buying a house in the neighborhood and have a basic understanding of the estimated object. The feedback results of these 32 users are shown in Table 6 . The average of the crowdsourcing result is used as the average market price of the estimated object, which is denoted by P E . The last step is to compare the validation data and appraisal result of the estimated points to verify the proposed approach. In the example, sample point 1 is used as an estimated point. The attribute "price" of point 1 is used for validation. The others attributes of point 1 are used as an estimated point, which is denoted by P1. The validation data of P1 is denoted by P V .
In real estate appraisal, the rules state that the relative error of the estimates should be under 10% [55] . In the experiment, if the relative error is under 10%, we think the estimates are valid. The relative error of the estimate in the example is denoted by E.
E is far below 10%, therefore the estimates of the proposed method are valid.
Validation
The accuracy of the proposed method is calculated by
The accuracy is denoted by A, the number of valid estimated points is denoted by N valid , and the total number of the estimated points is denoted by N.
In an example, assume that the combination number of rubrics is k = 3 and α = 0.7. After estimating the 20 estimated points, the relative error of the estimates are shown in Table 7 . Under this situation, the valid number of estimated points (the relative error is under 10%) is 18, the accuracy of the proposed method is calculated by, Before computation of TP(S), α should be determined by the relative importance of relevance and diversity. The experiment tests three situations, in which α = 0.3, α = 0.5, and α = 0.7. The optimal rubrics are always a combination of rubrics, not just a single one. So the experiment also tests five combinations of rubrics, when k = 1, k = 2, k = 3, k = 5, and k = 10. Under these situations, the accuracy of the proposed method is shown in Table 8 . 
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The appraisal results in Table 8 show that the combination of rubrics has a significant impact on appraisal accuracy, but that the effect of the coefficient α is non-significant. When the combination number k = 3, the accuracy of the appraisal result is highest; the selected rubrics are the best. However, with an increase or decrease from k = 3, the accuracy of the appraisal results decreases. In general, when someone makes an appraisal, the appraisal will always be restricted by too much or too little reference information. Only appropriate information can help the appraisal. This is consistent with the results in Table 8 . The effect of the coefficient α is non-significant, but it also has some regular patterns. This is because if the volume of data is large, it contains abundant information; at this time, the appraisal result will be unconstrained by the effect of relevance and diversity. With an increase in α, the accuracy of the appraisal result increases slightly. The sample data in this experiment covers a lot of similar sampling points in the same community, so when the coefficient α takes relevance into account, the accuracy increases slightly. The results show that the average accuracy of the proposed approach is 73.7%, and when k = 3, α = 0.7, the maximum accuracy is 90%. This supports that the proposed method can make an accurate appraisal for the real estate market price, which can provide a market reference for potential buyers and sellers.
Discussion
The real estate trade is a process of negotiation between buyers and sellers. The real estate market is thriving, and there is an urgent need to develop an effective and efficient real estate appraisal approach, which can provide a market indication for potential real estate buyers or sellers. The traditional real estate appraisal method can be professional, but it relies on the sample data. However, the sample data sometimes cannot fully reflect the reality. For example, in a thin real estate market, the correlated sample data for appraisal is lacking, and at this time, the sample data cannot reflect the market price. The valuation estimate of the proposed method can serve as a market indication for the potential real estate buyers or sellers. It is not only based on the information of the sample data, but also on the extra real-time market information from online crowdsourcing feedback, which makes the estimated result close to that of the market.
Despite all that, the proposed method is not perfect. Some may doubt whether there are enough community users involved to rate the estimated object and increasing the pay does not seem entirely sustainable in the long-term. For this, we think that people obtain valuable information from others and at the same time providing the useful information in one's power is obliged. It is an equivalent exchange. In this case, the ideal state is that users obtain the real estate estimates from these online community users and at the same time provide the real estate market information on their own for what other people need. The equivalent exchange is the core of this approach. Increasing the pay is actually not a long-term solution, it is just one of the information exchanging forms. Since online users currently do not have a strong sense of information exchange, it is easy to fulfill the information exchange by payment. So, in the experiment, we pay the community users to obtain the feedback. Of course, there are other information exchanging forms, for example, community users can get some download or access permissions online, after providing the feedback information. With the popularity of the Internet, the online user base for the proposed method is sufficient. The real estate market is thriving, and it attracts public attention. Under this background, the reason why there are not enough community users involved is that the crowdsourcing task is not attractive. The solution is to optimize the crowdsourcing task. The purpose is to attract users to evaluate the estimated object.
In the case study, we select the householders living in the neighborhood with the estimated object to serve as the crowdsourcing raters. Considering that those householders are long-term residents and have no intention to buy a house in the neighborhood, we think they are genuine, and there is no conflict of interest with their feedback. So we use the average of the crowdsourcing appraisal to reflect the market average trend. However, in practice, all economic agents have their own motives. If they have a conflict of interest with the estimated object, it may cause a rise or fall in the price of the estimated object. This subjective bias driven by interest exists. In the follow-up study, we try to add weight value for each user to reduce the impact of this potential bias.
The sample data, such as the real estate trading data, may contain value attributes and non-numeric attributes. It is convenient to convert the sample data into attribute vector data, which meet the characteristics of the cosine similarity function. In the paper, we just compare the cosine similarity function with Euclidean distance to calculate the similarity of the sample data. However, there are many similarity measurements, like Mahalanobis distance, and so on. We should try these methods in the follow-up study.
Although the proposed method is not perfect, it is an attempt to use the human-computer interaction in the real estate appraisal field. Also, it can provide a market indication for potential real estate buyers or sellers. Further research will make it more valuable.
Conclusions
The traditional real estate appraisal methods obtain estimates by using mathematical modeling to analyze the existing sample data. However, the information of sample data cannot fully reflect the reality. Therefore, the proposed method brings in crowdsourcing. It is not only based on the existing sample data (just like the traditional methods), but also on the extra real-time market information from online crowdsourcing feedback, which makes the estimated result close to that of the market. The proposed method has five steps: construction of a rubrics model, definition of similarity, similarity measurement, selection of an optimal rubric, and crowdsourcing appraisal. In order to test and verify the proposed method, Shunde District was chosen as the study area. The sample data cover a complex appraisal environment and include residential and commercial land with a robust market, urban-rural fringe area with a thin market, and some special use areas. In this case, the real estate market price changes rapidly, and it is hard to evaluate the real estate price based on the existing sample data, where the application of the proposed method is suitable. The results show that the average accuracy of the proposed approach is 73.7%; when k = 3, α = 0.7, the maximum accuracy is 90%. This supports that the proposed method can make an accurate appraisal for the real estate market price, which can provide a market reference for potential buyers and sellers.
